The recognition of transcription factor binding sites (TFBSs) is the first step on the way to deciphering the DNA regulatory code. There is a large variety of experimental approaches providing information on TFBS location in genomic sequences. Many computational approaches to TFBS recognition based on the experimental data obtained are available, each having its own advantages and shortcomings. This article provides short review of approaches to computational recognition of TFBS in genomic sequences and methods of experimental verification of predicted sites. We also present a case study of the interplay between experimental and theoretical approaches to the successful prediction of Steroidogenic Factor 1 (SF1).
INTRODUCTION
Deciphering of the DNA regulatory code ('second genetic code') is among the most important topics in the modern molecular biology. The basic elements of this code have traditionally been thought to be short (5-20 bp) DNA sequences recognized by transcription factors (TFs). The set of regulatory elements of a gene determines its expression during ontogenesis, tissue-specificity and ability to respond to various external signals [1, 2] . In silico identification of transcription factor binding sites (TFBSs) in nucleotide sequences is the first and common step for understanding molecular mechanisms of gene expression regulation. TFBS recognition by computational methods can be used for detection of the groups of coordinately regulated genes, both alone and in conjunction with network reconstructions based on changes in transcriptome profiles. These provide a window on the molecular mechanisms of an organism's response to external stimuli. For example, when studying the response to hypoxia, it is necessary to detect the target genes of HIF-1 [3] . Study of the immune response, in particular, the response induced by type I interferons, implies the search for target genes for ISGF3 [4] . There are many more examples.
Validated computer methods for TFBS recognition face considerable challenges, which are principally caused by an intricate organization and a high redundancy degree of this second genetic code. Another concerns whether or not the predicted sites are real. The theoretical methods used for this purpose, for example, comparative genomics and gene expression profile analysis, give only an indication of the functionality of a predicted TFBS, and hence only an indirect measure of a recognition method's validity. The best approaches to quality estimation of a TFBS prediction method are based on the direct experimental verification. Unfortunately, such laboratory techniques are not widely used [5] [6] [7] because they are expensive-each predicted site must be verified individually. An approach that has been successful for us has involved the tight cooperation between computational biologists, developing the methods for TFBS recognition, and laboratory experimentalists, capable of validating a site's functionality.
This article outlines the computational methods for TFBS prediction, their experimental verification, and a case study of how the interaction between computational and laboratory biologists has led to validated predictive methods for Steroidogenic Factor 1 (SF1) recognition.
COMPUTATIONAL APPROACHES Source data for TFBS recognition methods
Development of the methods for TFBS recognition has traditionally been based on the use of training sets of sequences that are known from laboratory experimentation to interact with the TF in question. Several specialized information resources compiling the eukaryotic TFBS are available now, namely, TRANSFAC [2] , TRED [8] , TRRD [9] , ooTFD [10] and MPromDb [11] .
Usually, these databases contain the data on the degree to which the sites are studied experimentally. These data are represented either as the quality of a site with indication of the experiment type (TRED and TRANSFAC), or as a digital code of the experimental technique used (TRRD). These allow the user to arrange the TFBS sequence sets on the basis of a range of different criteria.
A number of information resources contain readymade TFBS weight matrices, namely, TRANSFAC [2] , JASPAR [12] and ARTSITE [13] . These matrices can be divided into two types: those constructed based on natural (genomic) sequences and those from artificially selected techniques in vitro. Undoubtedly, the experimental method used can be critical.
Important points in a training sample forming
Good TFBS training samples undoubtedly require reliable experimentally confirmed site data, using laboratory techniques such as (i) electrophoretic mobility-shift assay (EMSA) using purified protein; (ii) DNase I footprinting with purified protein and (iii) EMSA using nuclear extracts and antibodies to the TF. It is important because indirect methods can lead to the inclusion of erroneous sequences in training sample sets. These correspond to the binding site of other TFs present in the gene-regulation complex and are the so-called tethering elements. For example, the well-studied glucocorticoidresponsive elements (GREs) include elements to which the glucocorticoid receptor (GR) binds directly. On the other hand, there is a group of tethering GREs. GR does not bind to these, but exerts its effect through protein-protein interactions with the transcription factors Fos/Jun [14] , Stat5 [15] and Smad3 [16] , which do bind directly to the site.
In certain situations, TFBS datasets contain subsets corresponding to structural variants of the site. For example, analysis of 160 binding sites for GR from TRRD [9] has demonstrated that only 54% of these sites are homologous to palindromic GREs (AGAACAnnnTGTTCT), to which the GR homodimer binds. The remainder are 'half-sites', binding GR monomer; yet, the majority of these sites are active in glucocorticoid regulation [17] . The functional estrogen receptor binding sites [18] and CTF1/NF1 sites [19] are also represented by palindromes and half-sites.
The situation is complicated further when the binding sites of the same TF are represented by both the direct and inverse repeats. Examples here are the binding sites for the androgen receptor [20] and sterol-responsive element-binding protein (SREBP) [21] . TFBSs can also differ in the length of the spacer between the conserved motifs in the site. For example, RAR/RXR heterodimers bind to the direct repeats AGGTCA with a spacer of both 1 and 5 nucleotides (DR1 and DR5) [22] , whereas PPAR/RXR interacts with direct repeats of DR1, DR0 and DR2 types [22, 23] . Partitioning of such TFBS variants is critical for ensuring that sites of a different length are not missed (leading to false negative results), or nucleotide base distributions are a given position might be distorted (leading to false positive results).
In certain cases, the methods for separation into subsamples are unclear; however, the need for such partition is evident. For example, Shelest et al. [24] applied a subtractive approach, which allowed the sample containing 350 C/EBP binding sites to be divided into subsamples, whose consensus sequences were essentially different.
COMPUTATIONAL APPROACHES TO TFBS RECOGNITION
The functional role of a TF arises from the specificity of the physical interactions it makes with its target DNA regulatory sequences. The specific features of these interactions impose certain limitations on the DNA sequence, which manifest themselves in a partial conservation of TFBS nucleotide sequences. This provides the basis for the majority of TFBS recognition methods.
The Classical Approach
One of the most widespread strategies in the search for potential sites is based on the use of weight matrices, describing the frequencies of four nucleotides at each position. These are calculated from a set of experimentally confirmed TFBS sequences [25] . This approach, based on the methods of statistical physics [26] , represents a natural development of the search for consensus sequences [27] , and assumes that each nucleotide acts independently with the TF. Hundreds of variants of weight matrices for TFBS recognition have been computed and applied with varying degrees of success. For example, the MatInspector [28] used over 700 weight matrices from the TRANSFAC database [2] . However, it has been shown that its recognition quality (i.e. its ability to predict sites correctly with minimal false positive and false negatives) varies markedly in different situations [29] . In addition, it is now widely accepted that the use of weight matrices for TFBS prediction results in a high rate of false positives [30] .
A detailed analysis of the experimental data on the affinity of various TFs for DNA sites has given rise to doubts concerning the independent interaction of nucleotides with protein [29, [31] [32] [33] . It has been demonstrated that taking into account the weak correlations between non-adjacent nucleotides alongside weight matrix scores can increase the recognition quality [33] . In particular, the weight matrices could be based on dinucleotide frequencies [34, 35] . However, as the dinucleotide alphabet sixteen characters (i.e. AA, AC, AG . . .. TG, TT) rather than the four of the mononucleotide alphabet, a far larger number of functional sequences are required in order to obtain accurate statistics. Large enough data sets are as yet unavailable for most TFs, especially in view of the variability in length mentioned above.
Alternative Approaches
There are alternative approaches to development of the methods for TFBS recognition. One of them is based on the consideration of context-dependent conformational and physicochemical properties of DNA sequences [36] . The DNA double helix exhibits sequence-dependent structure variations. The structure variations can be described by the set of parameters (the major groove width, interbasepair roll, propeller twist, etc.), determined for di-or for tri-nucleotides [37] . These properties are among the main factors underlying the specificity and affinity of interactions between regulatory sequences and TFs [38, 39] . In particular, the analysis of MetJ binding sites demonstrated that recognition quality increases when DNA duplex structural properties are taken into account in combination with the conventional methods based on contextual analysis [40] . The conformational parameters of DNA have been determined for both di-and tri-nucleotides [37] . Therefore, analysis of the DNA duplex properties in TFBS regulatory regions forms the basis for the recognition method SITECON [41] and a method for determination of TFBS activity [42] . An evident advantage of this approach is that its construction does not require so many sequences for method-training. However, as for weight matrices, this method does not allow deletions or insertions in a site sequence to be taken into account [43] .
The method of hidden Markov chains [44, 45] makes it possible to model insertions and deletions, to generate sequences in accord with the model, and to assess the similarity between any sequence and the model chosen [46] . Discriminant analysis [47, 7] is also less sensitive to deletions and insertions. In the case of nucleotide sequences, recognition is based on the analysis of their statistical characteristics, usually an examination of oligonucleotide frequencies.
Other approaches are also used in TFBS recognition, such as Gibbs sampling [48] , expectation maximization [49, 50] and neural networks [51, 52] . These have been reviewed in detail elsewhere [53, 54] . Their recognition quality is comparable with that provided by the method of weight matrices.
The main problem in TFBS recognition is high over-prediction rates (false positives) [53, 55, 56] . It is possible to elevate the efficiency of predictions by taking into account a number of additional factors. These factors include (i) the similarity between expression profiles of TF and the genes they regulate [57] ; (ii) the affiliation of target genes with one functional class [58] ; (iii) a high representation of certain cis-element sequences in a given set of co-regulated genes [59, 60] ; (iv) the similarity between TFBS sets in the regulatory regions of orthologous genes (comparative genomics) [59, 61, 62] and (v) the location of TFBS relative to the transcription start site [58] .
EXPERIMENTAL APPROACHES USED FOR VALIDATION OF TFBS PREDICTIONS
Almost all experimental methods developed to identify TFBSs are used to verify sites predicted by various computational methods, such as TESS [63] , MatInspector [28] , MATCH [64] , Matrix Search [65] , etc. However, only some experimental approaches appear appropriate for TFBS verification. The main requirements for these approaches are the rapid analysis of several tens of sites simultaneously, unambiguous results and low consumables and labour costs.
EMSA meets precisely these requirements, making it possible to assess the TF binding to dozens of double-stranded oligonucleotides that correspond to predicted sites. Either cell nuclear extracts (in this case, the method is supplemented with competitive analysis or use of specific antibodies) or purified protein is used as a source of TF.
For example, EMSA variant where testing oligonucleotides were used as competitors to known TFBS was successfully applied by Tronche et al. [5] to verify predicted HNF1 binding sites. The search for potential sites was conducted by weight matrix technique in annotated genomic sequences of vertebrates. Overall, 54 potential binding sites were subjected to experimental verification; of them, 52 appeared strong HNF1 binding sites. Thus, an overprediction error amounted to <5%.
We used EMSA with specific antibodies to verify predicted SF1 binding sites. These sites were detected in the yet unstudied genes related to the system of steroidogenesis by the SiteGA [66] and the SITECON methods [41] . In each case, we confirmed experimentally 15/18 and 18/18 predicted sites, respectively. These correspond to 17 and 0% overprediction rate, respectively [7, 67] . EMSA has also been used with purified recombinant protein to verify SREBP binding sites predicted by SITECON (Figure 1) . It was demonstrated that all 23 potential SREBP binding sites actually bind specifically to this protein.
EMSA's main advantage is the unambiguity of its results. The bands shift in response to TF binding or they do not. This makes it possible to accurately assess overprediction rates and select the operation conditions that would minimize false positives. One can also begin to assess how often functional TFBSs might be found in the genome and, thus, to get an adequate notion about DNA regulatory potential. For example, the above estimates for HNF1, SF1 (SiteGA and SITECON) sites amount to 1, 1.5 and 3/10 kbp [5, 7, 67] . Consequently, the human genome may contain hundreds of thousands of these TFBSs, and only experimental validation of more sites will reveal their true specificity. Thus, the EMSA results of TFBS verification demonstrate a high regulatory potential of eukaryotic DNA. However, the question of which of the actual TFBSs in the genome are involved in the transcription regulation (as opposed merely to binding) cannot be addressed by this method.
Chromatin immunoprecipitation (ChIP) assays provide a much improved assessment of the DNA regulatory potential of a given TF. This method is based on an in vivo fixation of DNA-protein interactions [53] . However, false positives in ChIP assays are probably higher than in EMSA. There are two reasons for this. First, a TF may be cross-linked not only to DNA but also to other chromatin components; and, second, ChIP locates a TFBS to within 100-500 bp, which is not so precise. In addition, this method is more expensive, because of the need to conduct immunoprecipitation with antibodies to all the members of TF family capable of interacting with the same sites. Nonetheless, ChIP assays have been successfully used to verify experimentally several TFBSs predicted by various methods. For example, the use of antibodies to six members of the E2F family confirmed the existence of their TFBSs predicted in 10 cell-cycle genes [6] , and likewise the Myc binding sites evaluated by phylogenetic footprinting in glycolytic genes [68] .
Of special importance are the data from high-throughput variations of the ChIP technique (ChIP-chip), which make it possible to detect all genomic binding sites for a given protein [53] . These data suggest that tens of thousands of sites in the genome interact with a given TF in vivo. For example, ChIP-chip gives an estimate of 12 000 sites for SP1, 25 000 sites for c-myc and 1600 sites for p53 [69] . According to other data, the number of p53 binding sites amounts to 65 000 [70] . This estimate for CREB is 19 000 [71] which is in the same order of magnitude as the estimated number of CREB molecules in the cell (40 000) [72] .
Thus, there is a drastic discrepancy (exceeding one order of magnitude) between the number of DNA-sites capable of binding a particular TF in vitro, estimated by EMSA (hundreds of thousands), and the amount of TFBSs revealed by ChIP-chip technique, which include false positive owing to binding to other chromatin components. In part, this discrepancy can be explained by the tissue specificity of the ChIP-chip sample finding only a subset of the total number. A different tissue or physiological state could identify other sites. On the other hand, abundant DNA-sites estimated by EMSA can correspond to 'traps' accumulating TFs in the neighbourhood of transcription starts for effective formation of polymerase II preinitiation complex.
WET^DRY COLLABORATION: THE STORY OF SF1
There is a widely held view that biology is on the brink of adopting the same approach to research as did physics at the end of the nineteenth century, namely that theoretical and experimental scientists work collaboratively to uncover the processes that are taking place. In the case of biology, the theoreticians nowadays correspond to bioinformaticians and systems biologists. For many years, the research team in the Institute of Cytology and Genetics (ICG) has consisted both computational and laboratory scientists meeting on an almost daily basis to explore aspects of gene regulation together. Examples of experimental verification of SREBP binding sites. EMSA was performed with the oligonucleotide probes containing the predicted SREBP sites (lanes 4^26) and bacterially expressed human SREBP-1a. pCMV5, expressing full-length human SREBP-1a in eukaryotic cells, was kindly provided by T. F. Osborne [75] . The DNA fragment of pCMV5 between the HindIII and EcoRI sites was cloned into the pET-28a vector, which was subsequently expressed in E. coli.The recombinant protein was purified by nickel chelation chromatography. What follows is a case study of SF1 research. It has involved a cyclical process of lab work leading to data for computational studies which provide hypotheses for laboratory testing and so on.
The first stage involved a variety of laboratories gradually determining a relatively small number of SF1 TFBSs experimentally. These were collated by annotators into TRRD [9] and used to construct the prediction techniques SiteGA and SITECON [66, 67] . These were used to identify potential TFBSs in the upstream regions of genes known to be regulated by SF1, which became the subject of EMSA experiments described above. SiteGA was subject to further work to increase its recognition accuracy.
For this purpose, a combined approach was developed that combined the SiteGA method and an optimized position weight matrix method. This combined approach appeared more efficient, as the rates of false negatives amounted to 20% and the rate of false positives, to 7 Â 10 À5 . When these were subjected to experimental verification, 33 of the 35 sites predicted were capable of interacting with SF1. Thus, the rate of false positives detected experimentally decreased by almost 3-fold. At this level of specificity it becomes feasible to carry out a genome-wide analysis, especially if one focuses regions close to the start site of transcription. This criterion was used by searching for SF1-regulated human genes in the EPD database [73] . In our estimation, the number of the SF1-regulated genes is $900 in the human genome. From a consideration of Gene Ontology assignments, some are known or expected to be SF1 regulated. However, there are others that are currently under further testing.
CONCLUSION
Numerous computational approaches are now available for TFBS recognition, a necessary component of computer annotation of genomes, if we are to fully understand how organisms live, grow and respond to their environment. They are also an invaluable tool for analysis of microarray gene expression data. The main disadvantage of the majority of these approaches is a high-overprediction rate. However, only experimental verification of sites predicted by computational methods can allow overpredicted binding sites to be distinguished from the silent TFBS, which are not involved in the regulation of expression.
Analysis of available data from EMSA experiments has demonstrated that there are probably several hundreds of thousands of binding sites for a given TF in a higher eukaryotic genome [5, 7, 67] with only a very small number of these sites being false positives. Some predicted TFBSs are located in the genes that are not regulated by the factor in question.
The factor that decreases the excess binding of TFs is an inaccessibility of extended DNA regions. There are several levels of structural organization in chromatin, which could contribute to modulation of accessibility of TFBSs [74] . On the other hand, we assume that one hypothesis to explain the excess of TFBSs in the genome is that sites are 'traps' whose role is solely to increase the local TF concentration in a particular region of the nucleus.
The observed excess content of TFBSs in genomic DNA as well as an intricate nature of the mechanisms underlying transcription regulation suggests that additional criteria should be used in the search for target genes of a certain TF. These criteria may be the patterns of TFBS location, clustering of the sites of one type, or patterns of mutual arrangements of sites belonging to different types. Nonetheless, a successful application of these criteria must be based on highquality recognition of each TFBS type, which may be provided only by way of a tight collaboration of experimenters and theorists. 
Key Points
Detection of transcription factor binding sites (TFBS) in genomic sequences is a promising approach to deciphering DNA regulatory code. Development of efficient methods forTFBS recognition requires reliable training samples of sequences whose interaction with a particular factor have been confirmed experimentally. When formingTFBS training samples, it is necessary to take into account their potential structural subtypes. Experimental verification of the sites predicted is necessary for a reliable evaluation of a computational method for TFBS recognition. The successful investigation of genomic DNA regulatory potential needs a tight cooperation between bioinformaticians and experimenters.
